The workforce remains the most basic element of social production, even in modern societies.
Introduction
Given its importance, the workforce remains one of the most basic elements of social production in modern societies, even in the age of the knowledge economy. The workforce's intercity migration within a country, usually between hometowns and workplaces, essentially reflects the reallocation of production resources that is profoundly responsible for the normal operation of the national economy and the promotion of production and operating activities. Accordingly, workforce migration exerts a strong influence on social-economic issues [1, 33] , to name a few examples, including the balanced development of the regional economy, national transportation design, urban infrastructure planning, policymaking in household registration systems and climate change mitigation [32] . Understanding the laws of workforce migration at the national scale will therefore help to solve these issues.
Although individual movement is stochastic, the collective behaviour of migration is not random but closely linked to extensive social, economic and even political factors [6] . Laws or patterns underlying group travel can emerge as the population size increases [16, 26] , suggesting that the laws of workforce migration can be probed and modelled. In fact, tremendous efforts have been devoted to profiling and forecasting human migration flux in recent years [3, 23, 34, [44] [45] [46] . In addition, diverse patterns of human mobility are revealed [4, 8, 10, 11, 13, 20, 26, 28, 31, 38] , and their driving forces are also extensively explored [5, 7, 9, 18, 22, 29, [35] [36] [37] 41 ].
However, most existing studies assume that human migration behaviours are determined only by passively accepting an attraction from cities, neglecting people's subjective will to seek benefits and the capability requirement of distinct labour markets that indeed profoundly affect workforce movement. In fact, from the viewpoint of economics, the driving force behind workforce migration is a higher economic benefit or the Pareto optimality of the economy [5, 7, 18, 29, 36] . The development of science and technology also leads to a major labour market concern that tends to focus more on technical capacity than on the size of the workforce. Moreover, from the cognition perspective, sensitivity regarding influence factors varies across different individuals [14] . Hence, the cost of migration should not always be represented by the spherical distance, as in previous studies. Richer information should be included as indicators to demonstrate that the workforce possesses different cognitive sensitivities to indicators when making behavioural decisions [47] .
2 Apart from the above limitations, the data adopted in previous studies have adverse effects on the ability to carry out an in-depth study of workforce migration. Specifically, survey samples from questionnaires or government censuses constitute the major data sources for previous studies on the workforce [4, 11, 46] . However, it is well known that limited samples, biased sample selection, and the uncontrollable quality of investigations might lead to unreliable survey data. Although government censuses supply valid nationwide records, they involve an enormous expense and are quite time-consuming. Indeed, population censuses usually have a very long survey circle (once per decade, as designated by the government of China), and the resulting non-current investigations are not helpful for flexible and effective policy formulation. Moreover, it is difficult to obtain a fine-grained survey in geographical terms. For instance, the population census in China supplies only the migration flux between provinces (see http://www.stats.gov.cn/tjsj/pcsj/), while fine-grained inter-city trajectories are necessary to investigate workforce migration on the city level. In summary, traditional investigations cannot offer the desired data in terms of cost, granularity and reliability.
Online media, such as Twitter and its variant Weibo in China, have boomed in recent decades and offer an unprecedented opportunity to understand human movements. Massive numbers of users leave their digital footprints as messages on social media, including both spatial and temporal information. The continuous penetration of smart and mobile devices further boosts the scale and granularity of these footprints, facilitating the investigation of human movements on national and systemic levels. In order to distinguish the workforce migration behaviours from the movements for other purposes, we adopt the Spring Festival scenario. Being the most important traditional custom in China, the Spring Festival culturally drives people working in other places back to their hometowns to reunite with their families and celebrate the Chinese New Year. It can be treated as a natural shock in workforce movement on a national scale, leading to the full-scale migration with high traffic peaks before and after the Lunar New Year, namely, the Spring Festival travel rush. Accordingly, the resulting trajectories form an ideal data source for modelling workforce migration on a national scale.
In this paper, we collect massive trajectories of movements from Weibo during the 2017 Spring Festival travel rush and establish a nearly complete picture of workforce migration in China at the city level. To explore the core driving force of this systematic migration, the most widespread in the world, we introduce economic factors and alternative cost measures 3 to the well-known gravity model (GM) framework [15, 17, 48] to make high-quality predictions. By evaluating the forecasting performance for real-life data, urban GDP and the travel time between cities in flux are two key factors that lead to the best performance. We then investigate the diverse patterns of workforce migration by clustering trajectories using the K-means algorithm, and the prediction accuracy of the models improves accordingly.
More importantly, two dominant patterns are highlighted, i.e., the migration flows from small neighbourhoods to local core cities and the flows between cities in good economic statuses, especially in the eastern coastal region. We further provide a rigorous analysis of gaming between interest articulation and cost elusion in different patterns, and these transfer modes also embody the filter effect of the labour market when the workforce makes migration decisions. The results indeed testify to the interest-driven intrinsic motivation of the workforce and the extrinsic limiting condition of market requirements. Finally, an evaluation approach inspired by the dividing modes is proposed to value regional development in China. Some practical problems, such as the deficiency in regional leading roles for Beijing and Chongqing, are exposed, and a thorough discussion of corresponding strategies is also provided. Our models and findings could shed light on related social-economic issues such as urban planning, workforce management and regional development.
Results

Sensing the trajectories of inter-urban workforce migration
An increasing number of people in China choose to leave their homes in search of job opportunities because of the relaxation of the policy that had restricted inter-city population movements since the early 1980s. Additionally, a great number of migrating workers travel back to their hometowns during the Spring Festival in what is known as the Spring Festival travel rush [21, 40, 42] due to its unique cultural and traditional meaning. Lasting 40 days surrounding the Spring Festival, the great travel rush defined by the National Development and Reform Commission begins on the 15th day of the twelfth month of the lunar year and ends on the 25th day of the first lunar month of the following year. We argue that the Spring Festival travel rush can be regarded as a natural experiment on the national scale, and it provides us with reliable crowdsourcing migration trajectories to probe workforce movement 4 patterns [25, 43] . Combined with the spread of the online social media and mobile devices, we find that it is possible to break through the limitation of traditional methods in order to gain a nearly complete profile on a nationwide scale for such a long period. Note that there must be noise in the collected trajectories, but fortunately, those few noisy movements by non-workforce participants have no pronounced influence on our findings.
Specifically, messages in Weibo contain the locations where they are posted, and thus, a 4-tuple (m, u, t, g) can be used to denote a message m posted by user u in timestamp t at location g of city-granularity. For a user u, an array L(u) = {(t u,1 , g u,1 ), (t u,2 , g u,2 ), . . . , (t u,m , g u,m )} is defined to denote all locations u experienced, where t u,i represents the time at which u posts a message (t u,1 < t u,2 < . . . < t u,m ) and g u,i is the corresponding posting city.
Then, we filter the same locations in which people post messages in subsequent iterations.
. Additionally, the trajectory of u is cut as (g u,1 ,g u,2 ), (g u,2 ,g u,3 ), . . . , (g u,n−1 ,g u,n ). Then, we can gain the transition set by summing all users' trajectories as {(g 1 , g 2 , f 1,2 ), . . . , (g i , g j , f i,j ), . . .}, where f i,j denotes the migration flux from city g i to g j . In the same way, the undirected transition set can be obtained as {(g 1 , g 2 , F 1,2 ), . . . , (g i , g j , F i,j ), . . .}, where F i,j represents the number of people in the population transferring between cities g i and g j , suggesting that F i,j = f i,j +f j,i and F i,j = F j,i . More particularly, 371 cities are contained in the transition set, and there are 61,759 city-pairs in undirected trajectories and 120,361 city-pairs in directed trajectories, totaling 41,454,268 migration traces (see Methods).
To prove the rationality of using data from Weibo to investigate workforce migration problems, we collect national railway line data, 5,878 trains in total, and count the number of trains through city pairs. It shows that the flow of workforce migration has a positive correlation with the number of trains between city pairs (see Fig. S1 ). Therefore, workforce migration flux acquired from social media is representative and indeed embodies population movement in real life from the perspective of trains. Furthermore, it cannot be neglected that only approximately one-fifth of city pairs extracted from Weibo data can be explained by railway line data, specifically, 12,382 city pairs. According to the comparison above, Weibo reflects richer information about workforce migration than the national railway line does. Therefore, the rationality and completeness of migration data gained from Weibo 5 builds a foundation to carry out the following in-depth investigations.
Modelling inter-urban workforce migration
In the classical gravity model, human migration is assumed to be dependent on the attractiveness and accessibility of locations. The former is always estimated as the population size, and the latter is calculated according to the geographical distance between two locations. In detail, the migration flux between cities i and j is defined as F ij = a
, where P i denotes the number of people residing in city i, F ij represents the migration flow between i and j, d ij is the metric of distance between the two cities, a is a constant to adjust the forecast value, and γ is usually assumed to be positive. This model implies that the migration flow increases with the population size and decreases with the distance between the two locations.
The motivation for workforce migration has been extensively investigated in previous efforts, and it has been proven that migrating behaviour is not completely blind or disorderly but rather abides by certain laws. Based on the microeconomic perspective, profit maximization, utility optimization and intuitive revenue enhancement [5, 7, 36, 37] are treated as the target of supplying labour to discuss the specific influence factors when workers make migration decisions. In addition, from the sociological perspective, human migration aims at improving living conditions and is the result of push and pull dynamics [18, 29] . More specifically, immigrant areas with abundant job opportunities, higher wage levels and other preferential treatment conditions produce a "pull" force. Additionally, harsh living conditions in the original place of residence would "push" human emigration. Following the idea of a subjective measure for the pursuit of profit maximization, we introduce economic factors rather than demographic factors into our models. Based on this, we propose an extension of GM as follows.
where E i stands for the economic indicator of city i, and C ij represents the cost of migration between city i and city j. There is an assumption that the labour force would prefer to migrate to cities with a high economic status and more job opportunities, and these cities could provide more potential for the workforce to meet labour market demands, meaning 6 that α and β should be positive. Additionally, γ is still assumed to be positive, indicating that the workforce prefers to migrate to cities with a low cost of migration.
With regard to cities' economic indicators, GDP is one of the most important indices of national economic accounting, containing abundant information about social and economic situations, and it is almost always available, especially in undeveloped areas. As shown in Fig. 1 , the GDP of different provinces is positively correlated with per capita disposable income, implying that the workforce is more likely to have better revenue in a province with high GDP. Furthermore, the investment of funds in research and development (R&D) has a strong positive correlation with provinces' GDP. Intuitively, this effect is due to greater investment in R&D and more advanced degrees in the market. Additionally, the ratios of practitioners in high-technology industries, such as the information technology industry, the financial industry, the real estate industry, and the scientific and technical services industry, all show significant positive correlations with GDP in Fig. 1 . This result means that provinces with better economic statuses have higher technology-related workforce requirements and that the market in these provinces could offer more highly skilled labour.
As discussed above, GDP can simultaneously reflect a region's income level and required level of labour skills. It is natural to select GDP as an economic indicator in our model, specifically called the G-GM model. Considering the demographic information included in GDP, we select per capita GDP as another economic indicator because it can be better compared to the classical GM model with a population reflecting cities' attraction; we call this model the aveG-GM model. To determine the relationship between the origin and the destination in detail, we introduce a variant of G-GM, named dirG-GM. Unlike the three models introduced above, E i and E j in dirG-GM denote the total GDP of the origin and the destination, and F ij in Eq. 1 is changed to f ij , the migration flux from city i to j. Because of the undirected migration flux between cities in G-GM and aveG-GM, we simplify the parameters α and β to 1.
With respect to the index for migration cost, the migration cost between two cities can be intuitively measured in terms of the geographical distance, or spherical distance; for example, in GM, the spherical distance is calculated using the longitudes and latitudes of city centers. However, due to the complexity of China's geographical circumstances, the same geographical distance does not suggest the same accessibility between cities. For instance, the reachability between two cities in a mountainous area is worse than that in 7 plains regions with the same geographical distance. In this case, direct geographical distance might provide less information to the workforce than metrics such as travel time. Therefore, the wealth of information included in metrics shows great differences. In the meantime, from the perspective of decision making, the sensitivity of the labour force to indicators is diverse. Hence, alternative measures such as the shortest travel distance and travel time, which are both obtained from the navigation system of the Baidu Map, enrich the distance metrics in all models.
The forecasting ability of the four models is evaluated in terms of the fitness between predicted flux and realistic flux, as shown in Fig. 2 , where the metric of distance is defined as the travel time (results with alternative distance metrics can be found in Fig. S2 and dirG-GM models demonstrate better accuracy than GM. To further quantify the forecasting ability in four models with different distance metrics, an indicator named SSI based on the Sørensen index [19, 24] is introduced to evaluate the model performance directly. In detail, the measurement index is defined as SSI =
, where F ij andF ij denote the actual flux and the forecast value of the size of the population migrating between city i and city j, respectively. The range value for SSI is 0, with a complete difference between the actual value and the predictive value of 1 with complete equality. A larger SSI means a better predictive capability of models and vice versa. From Fig. 3 , it can be seen that the predictive performance of G-GM with travel time being a cost metric is the best approach among four models, and the SSI index of GM and aveG-GM is obviously worse. This finding further illustrates that GDP demonstrates adequate information about the city's ability to promote labour mobility, in contrast to per capita GDP, which is conventionally employed to measure demographic and economic influences simultaneously. Because of G-GM's stronger performance, the subjective consciousness of the workforce, e.g., pursuit of profit, is indeed profound in helping understand migration. Consistent with the previous study [47] , the appearance of travel time as the most appropriate distance metric also suggests that travel time weighs heavily in choosing migration destinations, instead of the geographical distance.
In addition, as reported in Table 1 , the exponents for the distances between cities and economic levels of origin and destination cities are all positive, suggesting that our assumption of more migration flows between close and well-developed cities may be justified. Additionally, the positiveness of γ in all models clearly indicates that distance blocks labour mobility.
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However, aveG-GM has the worst performance, which suggests that GDP per capita is not a good choice. Note that α and β are close to each other in dirG-GM (0.9278 and 0.9351 separately), implying that economic levels (GDP) of the origin and destination exert an approximately equivalent effect on the migrant population of the workforce, although the destination has a slightly stronger influence than the origin. Therefore, the direction of flows can reasonably be ignored, and dirG-GM can be reduced to G-GM. Therefore, combined with predictive performance and the simplicity of parameters, G-GM with travel time is the best solution to predict inter-urban migration.
Mining inter-urban migration patterns
Although the G-GM model takes economic status as a driving force in workforce migration, the sensitivity of individuals to travel costs and economic benefits is diversified because of different backgrounds. Thus, this sensitivity is significant for understanding workforce migration behaviours from a micro-perspective. We argue that instead of exploring this phenomenon at the collective level, focusing the analysis by mining workforce migration patterns of different sensitivities might suggest a new way to visualize the big picture of workforce migration.
To effectively detect workforce migration patterns, an unsupervised approach of K-means is employed to cluster the migration trajectories of massive numbers of individuals (see Methods). As for identifying the optimal number of clusters, two methods, the silhouette coefficient [30] and elbow method [39] , are both used. We find that excellent clusterings can be achieved with three, four, or five clusters (see Fig. S4-S5) . To obtain the best choice, different partitions are compared thoroughly, and the partition with four clusters demonstrates more patterns than that with three clusters and patterns with greater differences than that with five clusters (see Fig. S6-S7) . Thus, the workforce is grouped into four explicable clusters, as shown in Fig. 4 .
As can be seen, trajectories in four clusters have significantly different patterns from the perspectives of geography (see Fig. 4 ), the product of GDP (see Fig. S8 ), travel time (see Pattern II Migration between developed cities. As can be seen in Fig. 4(b) , city pairs show the best economic statuses in this pattern, for instance, the most developed cities, such as Beijing, Shanghai, Chongqing, and Suzhou, are key destinations for the workforce of this group. This finding suggests that this pattern of workforce migration is more sensitive to cities' economic levels. Apart from that, the city pairs reflect that the workforce capacity in cities with high GDP match the requirements of the labour market of similarly developed cities and provide the workforce with more opportunities to obtain a lucrative job. As compared to Pattern I, migration flows in this pattern involve the second-lowest amount of travel time. Additionally, the mutual promotion of city pairs in this group, which are better developed, is fully reflected.
Pattern III Migration between undeveloped cities. From the point of view of regional distribution, there are distinct differences between Pattern III and the former two patterns, and the bright region of this pattern concentrates mainly in central China, such as Jinzhong, Sanmenxia, and Xianning, among other cities. Cities experiencing this migration pattern are less extrusive than those in the former two groups, as can be seen in Fig. S8 , and the product of GDP in these trajectories is relatively small. Based on the above discussion, we know that a city's GDP may not only have potential benefits for the labour market of this city but also represent technology capability requirements (see Fig. 1 ). Therefore, the workforce in this pattern, lacking adequate technical skills, cannot meet the capacity requirements of other labour markets in cities with high GDP, as discussed in Pattern II, and must select other cities with lower GDP as the migration destination. In comparison to Pattern II, the filtering effect of markets is highlighted, and the intrinsic motivation for benefit appeals is limited by objective constraints.
Pattern IV Migration due to emotions. This group's trajectories geographically cover all areas of China, particularly peripheral provinces such as Xinjiang, Tibet, Heilongjiang, and Hainan and other remote districts located on the country's borders, including the cities of Tonghua, Haikou, Mudangjiang, Hulun Buir, and Qiannanzhou. City pairs in this pattern possess the lowest product of GDP but the longest travel time compared to other groups. Meanwhile, the average volume of migration between city pairs in this pattern is the smallest, and the total flux in this pattern accounts for a small proportion of all migration volume, implying that these few "emotional" migrations may be not completely profit-driven. Although some city pairs reflect labour migration to distant cities to escape harsh living environments, such as migration from Tibet and Xinjiang, much migration is closely related to tourism and sightseeing and protection from winter; the key cities in this pattern, Mudanjiang and Hulun Buir, are located in the cold region of northeast China, and
Haikou and Qiannanzhou have a warmer southern climate.
The dominant occupation of the workforce in Pattern I indeed illustrates the agglomeration effects of core cities to their surroundings in local districts. More surprisingly, these surroundings are not less economically developed cities, as intuitively expected, but demonstrate relatively better economic statuses within their provinces (GDP product ranks second in four groups; see Fig. S8 ). This pattern can also be further justified by the similar values for α and β in dirG-GM (see Table 1 ), suggesting the identical roles of origins and destinations in economic attraction. In fact, as super-cities or mega-cities, most capital cities expand continuously, according to the development report of the Chinese floating population in 2016, and our results fully confirm this point. To some extent, this finding implies that the organization pattern of urban groups within provinces in China is gradually formed. In addition, considering city-pairs with good economic development and located a short distance apart in Pattern II, the changes in labour demand are particularly apparent. With the development of these prosperous regions, labour with knowledge and techniques is more needed than simple manual labour, explaining the fact that few people in the workforce would like to move between less affluent cities located a long distance apart, as reflected in
It is increasingly difficult to gain employment positions in developed areas because of workers' lack of skills. Thus, a workforce that pursues profit maximization not only needs a developed destination that provides many job opportunities but also needs an origin featuring a satisfactory economic level.
We further use G-GM to model the trajectories of different groups. As shown in Fig. S11 and Fig. S12 , the prediction performance of grouped trajectories are all better than that of all trajectories, especially for the first two groups, which occupy the largest proportion (see also Fig. S10 ). The significantly enhanced forecasting ability suggests the rationality of clustering trajectories, and the workforce possesses different migration preferences (see also Fig. S11 and Fig. S12 ). In fact, individuals' sensitivity to migration costs can be sufficiently reflected by the gaming between economic benefits and migration costs, and the variations in γ across groups are decent proxies to probe this phenomenon. As listed in Table 2 , γ varies for different patterns and is clearly distinguished from the parameter of all trajectories, further implying the existence of workforce sensitivity to migration costs.
Specifically, the small γ (0.1910) for the first group indicates that labour is more sensitive to economic attraction and cares little about the travel time. With the incremental increase in travel time between cities, the sensitivity to travel costs is significantly improved; for example, in the second group, γ rises to 0.3868, suggesting the priority of moving to welldeveloped neighbouring cities. Similarly, as economic statuses worsen in Pattern III, γ jumps to 0.4186, reflecting the greatest sensitivity to travel time.
However, the γ for the last group actually falls with the longest travel time and the worst economic status compared to that of the other groups. Under this circumstance, the migration followed by the trajectories in Pattern IV are not affected by the economic benefit and the travel time, e.g., emotional motivation instead of profit-seeking motivation.
Considering the specificity of the Spring Festival travel rush as a long holiday in winter, we conjecture that migration for nonprofit reasons, such as tourism sightseeing, protection from winter or visits with relatives, is filtered out and isolated in this cluster. For instance, as is well known, an increasing number of people from northeast areas have selected Hainan province as a place to seek refuge from the cold and to celebrate the Spring Festival in recent years. From Fig. 4 , we also find the trajectories between cities in Hainan are indeed prominent in Pattern IV compared to other groups; to a certain extent, this pattern confirms our speculation about escaping cold winters.
In fact, Pattern I exactly embodies the development model for local core cities, e.g., their leading impacts on their surroundings. Pattern II further illustrates the mutual promotions among these similarly developed cities. In comparison to the other two patterns, the development models reflected in Patterns I & II are more strongly expected to sustain growth. Therefore, the flux ratio of cities in Patterns I & II reflects the sustainability of city development models, and we define this ratio as an indicator DI to evaluate cities' development patterns. From Fig. 5 , we find that there are obvious variances in DI, and the cities with high development levels are scattered across the country. Additionally, from the view of the geographical distribution, the value of DI in the country as a whole appears to significantly and progressively increase in a hierarchy from the western regions to the eastern areas, reflecting the disproportion and irrationality of development models in many regions, especially the western and northeastern areas. While unable to evaluate individual cities, this indicator is also applied to assess regional development models on a larger scale.
Hence, the flux ratio in different patterns of provinces is used to further value the province development in Fig. 6 . There are significant differences among provinces in terms of the ratio of different patterns. The provinces with high ratios of Patterns III & IV, as we well understand, are all undeveloped areas, such as Tibet, Xinjiang, Yunnan and etc.
Regional development models inspired by migration patterns
It is well known that urban agglomeration is the organization of space in a mature stage of city development. On one hand, because of their small-scale industries and relatively simple structures, small cities are not closely associated with greater production and operation networks and are considered to lack development vitality and momentum. There is an urgent need to optimize the allocation of a wider range of resources. On the other hand, from the perspective of big cities, many economic activities are no longer limited to a certain city with the growth of the urban population, the extension of industrial chains and the improvement of transportation infrastructures. Hence, it is necessary to strengthen ties among different cities in certain regions and create a collection of relatively win-win city pairs through appropriate regional development models. Meanwhile, urban diseases could be relieved by spatial expansion and the optimization of urban functions. Therefore, it is significant to promote regional development by making local cities play a leading role for neighbouring cities. More specifically, we hope for more Pattern I migration between city pairs.
To understand the relation between cities and their surroundings in detail, we compute the cumulative ratio of flux from proximal to distant cities. This method is effective, universal and easy to execute in order to learn the present condition of the city development 13 model. From Fig. 7 , we find that most cities are affected by their locality to some degree.
In other words, for a certain city, more workforce members migrate from or to a closer city. Under these circumstances, local core cities could play a stronger role in radiating to peripheral cities, i.e., undeveloped cities could enhance their economic development by stimulating effects in nearby developed cities. At the same time, cities with unexpected development models are also detected; however, they lack locality and contribute little to regional development.
In terms of cities with good statuses, we find that most cities with high GDP have more workforce migration with neighbouring cities, as the red lines in Fig. 7 show. Nevertheless, unexpectedly, two developed cities, Beijing and Chongqing, are very different from other cities with high GDP because of their lack of locality. In particular, compared to Guangzhou, Shanghai and Shenzhen, the most important cities in China, Beijing and Chongqing, make an extremely low contribution to boost the development of their local regions. Our finding indicates that Hebei province, which is close to Beijing, is not similar to the Yangtze Delta Metropolitan and Pearl River Delta regions, whose rapid economic development is led by Shanghai and Guangzhou, respectively. Beijing, as the capital of China, has unique advantages in economic production resources and should play an significant lead role in radiating region development. As stated by a report on the government's work in 2014, achieving the coordinated development of Beijing, Tianjin and Hebei is a major national strategy. To some degree, our findings support the government strategy from the perspective of workforce migration.
Furthermore, we analyze the influence factors for why Beijing lacks regional promotion relative to Guangzhou, Shanghai and Shenzhen. In Fig. 8 , by comparing the GDP of core cities and their surroundings, we find that the matching extent of economic status between Beijing, Chongqing and its surroundings is worse than that of Shanghai, Shenzhen and Guangzhou. For Beijing, there is just one city, Tianjin, which has a matching economic status around the periphery. Additionally, the GDP of cities close to Chongqing are less than almost one-tenth of that city's GDP. Combined with the discussion above, due to the disparity between the technical level of the workforce in the cities' surroundings and the skill requirements of the labour markets in both Beijing and Chongqing, the labour mobility between these city pairs is discouraged, and hence, their radiation effects are essentially undermined. To promote regional development in a coordinated manner, enhancing the technical level of the workforce in undeveloped areas is a substantial requirement, except in policy-oriented economic cooperation.
Almost all cities with a low GDP and a lack of locality, specifically, those ranking lower 
Discussion
The social media boom indeed offers an opportunity to understanding human behaviours in unparalleled richness and fine granularity. To the best of our knowledge, this is the first study to systemically explore the workforce migration from the perspective of social media.
Our study overcomes the limitations of traditional survey-based approaches and justifies the feasibility of probing workforce migration both collectively and individually using social media. More importantly, the present study confirms the possibility of quasi real-time policy making regarding social-economic issues, which are generally greatly constrained by the long census cycle and lead to the problem of being "out-of-sync", which negatively influences the flexibility of policy formulation.
Unlike previous models of human movement, in this study, we systematically discuss how the workforce migrates between cities within a country, considering the core driving force, interest articulation and the threshold filtering of the labour market. By introducing GDP as an economic indicator and travel time into the classical GM model, our G-GM model shows better performance than GM and justifies our assumptions. Additionally, due the diverse backgrounds of the workforce, the different migration patterns in terms of individual will and objective market requirements are mined and revealed. Meanwhile, we expound the gaming 15 behaviour on benefits sought and travel cost evasion in exact patterns. Based on the patterns we find, a simple and effective method to evaluate city development models is proposed and provides support to find and solve realistic problems to enhance the sustainability of regional development. Our results also imply that human behaviors like collective movement can be essentailly entangled with economic development, and more inportantly, this entanglement can be sensed and prifiled through social media only.
In addition to regional economic development, a demonstrated application discussed precisely in the paper, our study on workforce migration provides insightful ideas to solve a good deal of critical social-economic issues. The prediction model of migration flows offers a quantitative perspective to evaluate and design policies on household registration systems, floating population management and inter-city transportation planning in real time.
Meanwhile, the disclosed patterns of workforce migration not only have implications for the government in policy formulation and evaluation but also inspire enterprises and individuals to solve real issues. For example, the gaming between the benefit and distance costs of making migration strategies could offer suggestions regarding where to release recruitment information to ease or solve the problems of labour shortages, especially in the southeast coastal areas of China. bellwether for development models for cities or provinces. As an application, the practical problems and causes of regional development -for instance, Beijing's and Chongqing's lack of a leading role in regional radiation and the mismatch between labour market skills in surrounding areas and labour market requirements in these two cities -are detected from workforce migration patterns and inspire related policy formulation and evaluation. Weibo is a Twitter-like service in China and its active users are 392 million, more than 330 million that of Twitter. Our dataset is a complete snapshot of Weibo during the travel rush. A 4-tuple (m, u, t, g) is defined to represent a message with both temporal and spatial features, in which m is the message number, u is the unique identifier for an anonymous user, t is the timestamp of the post and g is the location, including the country, province and city information. Specifically, the posting city for each tweet can be further employed to establish the workforce migration network at the city level. Our dataset is publicly available and can be downloaded freely through https://doi.org/10.6084/m9.figshare.5513620.v2.
The national railway line data. We collect national railway line data on a total of 5,878 trains from a train schedule. For each city pair, we count the number of trains through two cities. The dataset is publicly available and can be downloaded through https://doi.org/10.6084/m9.figshare.5513620.v2.
Distance measures between cities. To measure inter-city accessibility, we use three metrics, the actual geographical distance, the travel distance and the travel time in route planning. The former is the distance computed by the longitude and latitude of cities on Google maps. More specifically, for city i, with longitude and latitude (x i , y i ), and city j,
with (x j , y j ), the distance is defined as
where ry i = 
Estimation of model parameters
To obtain the parameters in the proposed models, we use the least squares polynomial fit. As an example, the process of solving the model dirG-GM f ij = a
will be discussed in more detail as follows. Because the flux between cities is greater than zero, we take its log and convert the model to a polynomial, as log f ij = log a + α log G i + β log G j − γ log d ij . To fit the parameters, the solution minimizes the squared error E = i,j |p(i, j) − y ij | 2 , where p(i, j) =α log G i +β log G j −γ log d ij + logã and y ij = log f ij .
Clustering migration trajectories
Considering the diversity of human behaviour, we categorize workforce mobility into different kinds of movements by the clustering algorithm of K-means [2, 12, 27] . In workforce trajectory set D = {p 1 , p 2 , . . . , p m }, the trajectory between city i and city j is defined as
, where G i and G j denote the GDP of city i and city j, respectively; T ij is the travel time in driving route plans between two locations, and F ij represents the population flow between city i and j. The feature vector of trajectory p k is defined as v k = (G ij ,T ij ,F ij ), whereG ij is the normalization of the product of G i and G j ,G ij =
. The labour trajectory set can be divided into n clusters C = {C 1 , C 2 , . . . , C n } by minimizing E =
, where C k is the kth cluster, m k denotes the center of cluster C k . In
In this paper, we employ cosine similarity to measure the distance between two workforce trajectories,
, and the optimization function is converted to maximize E = n k=1 v,u∈C k sim(v, u).
The CLUTO (http://glaros.dtc.umn.edu/gkhome/views/cluto) package is employed in our study to conduct the clustering.
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